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Introduction
The transmission of technological knowledge to stimulate growth and productivity is an issue that is widely discussed in modern economics. The endogenous growth theory posits that technological progress is determined by innovative activity which in turn responds to economic incentives (e.g. [52] , [1] ). In this view, efforts devoted to R&D together with existing expertise on technologies and processes determine a country's productivity level. Empiricists argue that the seminal contribution of Coe and Helpman [12] and numerous subsequent studies (e.g. [37] , [13] ) confirm the importance of technology spillovers for a country's total factor productivity (TFP). In this view, a country's productivity is enhanced by its own R&D efforts first and then by foreign R&D apital. c 1 Unlike country-level studies, there has been little investigation of the role and channels of spillovers across sectors (e.g. [32] , [41] ). Nevertheless, the pattern of productivity of countries and industries has undergone remarkable changes by either transferring knowledge indirectly through trading intermediate goods, or directly through exchanging tacit knowledge at the micro level [58] . Being integrated into flows of knowledge tends to equalize the differences in productivity domestically across industries and internationally between countries whereas being cut off tends to aggravate existing differences and increase the danger of lagging behind. Analyzing the importance of knowledge spilling over within and between industries is relevant because it enables policy-makers to shape and refine appropriate policies. This paper contributes to the discussion by stressing the importance of inter-and intra-industry nowledge spillovers in explaining productivity growth. k
The literature on the effects of spillovers on industrial TFP differentiates between domestic and foreign spillovers and between intra-and inter-sectoral sources [41] , _− the four channels over which knowledge can transcend boundaries and affect productivity (e.g. [6] ). Recent work can be traced to Keller [32] who analyzes whether ctly affect TFP via the international trade of goods. The notion of trade as an influential factor was introduced by Coe and Helpman [12] , who show that R&D spillovers take place through imported goods. Among others, Lichtenberg and van Pottelsberghe [40] generally confirm their findings, but point to the methodological concerns which have given rise to an alternative specification for foreign knowledge that is still based on trade flows. These measures are used in subsequent work on the analysis of technology transfer (e.g. [37] , [38] ) and, more recently, the contribution of institutional variables [13] and human capital (e.g. [14] , 2] [ ) to TFP.
In general, empirical studies on the role of knowledge spillovers for TFP growth mainly rely on two features: 1. the approximation of existing knowledge by R&D capital stocks; and 2. a weighting of foreign knowledge by the trading patterns of countries. Both aspects have been discussed critically. Griliches [20] suggests distinguishing between rent spillovers and pure knowledge spillovers. In his view, rent spillovers occur when an increase in the quality of intermediate goods is not accompanied by a proportionate increase in prices which causes knowledge to spill over from the supplier to the producer of the final good and results in efficiency gains. Hence, rent spillovers are assumed to depend on international trade flows. Studies using import shares for weighting purposes therefore focus on rent spillovers originating from economic ransactions (e.g. t [41] , [32] ).
On the contrary, pure knowledge spillovers are difficult to quantify since they are assumed to be mainly tacit [15] . However, it is not easy to separate pure knowledge from rent spillovers in theory and empirics [44] . Verspagen [59] and Los and Verspagen [42] exploit patent data to study this type of spillover and use a measure of technological proximity suggested by Jaffe [27] to quantify the ease of knowledge circulating between countries. Eaton and Kortum [16] argue that patent data can be interpreted as a more direct indicator of innovative activity compared to R&D because the data contain information about the origins of technologies and are legally related to invention and novelty. Using patents, Madsen [43] examines the impact of knowledge stocks on TFP for historical data and finds that international patenting has a substantial effect on TFP growth and convergence. To our knowledge, Lach [35] has conducted the only patent-based analysis on the industry level to evaluate the impact of the patent stock on productivity growth in American manufacturing. He finds an output elasticity of knowledge of around 0.3, which is remarkably high compared to those found for
&D. R
Related to the measure of innovative activity -R&D or patents -is the choice of a weighting scheme for foreign spillover sources. As mentioned above, focusing on trade structures is related to the analysis of rent spillovers. Studies on pure knowledge spillovers therefore apply the concept of technological proximity between countries, industries or firms -depending on the level of observation -to measure the technological distance from the spillover-receiver. Los and Verspagen [42] apply this methodology to study the effect of the two types of spillovers in U.S.
manufacturing. 2 An update by Lee [36] casts further doubt on the importance of trade for the diffusion of knowledge by showing that the impact of import shares nearly anishes when controlling for real knowledge spillovers. v To our knowledge, this paper is the first to study the channels of pure knowledge transfer on the industry level using patent data and applying the concept of technological proximity to ensure focusing on direct knowledge spillovers. We close the existing research gap by providing empirical evidence on the productivity and innovation linkage via an analysis of patent data for 14 OECD countries and 13 industries. We suggest that using patents as an indicator of innovative output highlights the robustness of previous results considering the different approaches of capturing nowledge. k Previous literature has partly neglected the time-series properties of the underlying variables. Referring to the work of Coe and Helpman [12], Kao et al. [30] emphasize the need to account for non-stationarity of data and suggest applying dynamic linear regression analysis. We conduct various panel unit root and recently developed panel cointegration tests to investigate the time series properties of our variables.
Estimations are presented for ordinary (OLS) and dynamic ordinary least squares (DOLS). Our results indicate that domestic and international intra-industry knowledge spillovers have significant impacts on TFP growth and that technologies originating from other sectors do not affect productivity. Our results indicate that intra-industry knowledge spillovers, domestically and internationally, have a considerable effect on TFP growth. Technologies originating from other sectors are not found to affect roductivity. p The paper is organized as follows: Section 2 sketches the theoretical background and Section 3 introduces data sources and the construction of variables. Section 4 presents the econometric techniques and discusses the estimation results. Section 5 presents our conclusions. 4 Cobb-Douglas style pro u factor prices to all firms within a certain industry. 3
Theoretical Background
The idea that externalities like knowledge spillovers affect productivity has an even longer history in the economic literature than the endogenous growth theory. In the early contributions, the main source of externalities is assumed to be "learning by doing" as suggested by Arrow [3] . The model still being used in empirical applications nowadays goes back to Griliches [20] . It transfers the early approaches on knowledge xternalities to the field of R&D. e Generalizing the initial model to the country level, we assume that a country's output in industry j is given by the following ction function: d constant returns to scale with respect to physical capital, and 2. labor and common
The patent-based measure of technological proximity is also combined with R&D data to stress the role of pure knowledge transfers: e.g. [22] uses this measure to study the impact of domestic R&D by sources of funding. 3 Relaxing these assumptions leads to the inclusion of further terms, which reflect e.g., how productivity alters as the firm structure of an industry changes. To adapt this theoretical framework to a multi-country and multi-industry setting, we follow previous studies and further distinguish between domestic and international knowledge to specify 0 S . Therefore, we assume that the production of industry j in country i depends on knowledge within and outside the industry as well as on international kno le ins nd outside se tor j:
We thereby a low for four channels of spillovers: two intra-sectoral, national and nternational , and two inter-sectoral sources, and international .
Theoretically, the impact of inter-sectoral spillovers could also be estimated by treating all sectors in the sample as separate regressors in the estimation equation. However, sector-specific knowledge pools reveal a high degree of correlation leading to the problem of collinearity. Griliches [21] mentions this empirical issue and points to the problem of "wrong" signs and insignificant test statistics. Other authors choose only a few. However, this still incurs the danger of omitted variable bias and therefore is sometimes combined with certain restrictions (e.g.
[5]). We circumvent the problem by separating spillovers only into intra-and inter-sectoral components.
Data and Variables
The econometric analysis is based on a balanced panel of 14 OECD countries 5 and 13
industries from the manufacturing sector over the period [1985] [1986] [1987] [1988] [1989] [1990] [1991] [1992] [1993] [1994] [1995] [1996] [1997] [1998] [1999] [2000] [2001] [2002] [2003] [2004] . 6 The analysis egins with the construction of variables for TFP and knowledge spillovers. b 6 d a
Total Factor Productivity
Calculating the measure of TFP derives from a homogenous Cobb-Douglas technology using the EU KLEMS 7 growth and productivity accounts which combine an extended historical time series with a detailed breakdown at the industry level. 8 TFP in the industry sector j for country i is define s: 
Technological Pr imity
Foreign spillover pools are constructed as the sum of foreign countries' established ox knowledge weighted by bilateral technological distance, which is supposed to reflect the ease of knowledge transcending boundaries. Technological proximity are calculated according to Jaffe [27] , [28] who compares countries' positions in technology space. The potential to benefit from foreign R&D is affected by bilateral distance: the closer ountries' profiles the more they will spur each other's research activities. c Initially, Jaffe's measure was developed to derive weights for potential spillover pools on the firm level. Subsequent studies applied it to the country level to characterize the similarity of innovative activities in countries (e.g. [37] , [23] ). 10 There are two main assumptions: 1. all countries possess an equal ability to appropriate knowledge [28] , and 2. technology can flow directly without the need of letting goods circulate [22] . This second assumption is an important distinction to the approach suggested by Coe and elpman H
[12], which relies on tradable goods and therefore focuses on rent spillovers.
We first identify the areas of innovative activity across technologies using technology areas defined by Schmoch et al. [54] . where itn P is the number of patent applications filed in field n and reflects the orresponding frequency distribution.
Using the angular separation of vectors of country i and k, the proximity measure is derived as:
Intuitively, the measure is calculated as the uncentered correlation between two vectors of technological position. It is therefore bounded by 0 and 1, with a value of 1 indicating terns of innovative activity. A proximity of 0 implies
10 An application at the industry level is [42] . 11 The 44 technological fields are in Appendix A.2. 9 orthogonal positions in technology space with no potential to benefit from each other's research activities. The technological distance is calculated for every year and thereby underlies certain dynamics. Unlike the Euclidian distance, this approach is not sensitive o the length of vectors. t Table 2 displays the average pattern of technological similarity. In terms of technological distance, the United States and the United Kingdom are quite close.
Overall, Japan and South Korea exhibit the lowest proximity on average to European countries, which reflects a slightly different pattern of specialization that might reduce heir ability to benefit from European technological externalities. t Table 2 Average technological proximity (1985- 
Knowledge Stocks
In line with previous literature, we distinguish between intra-and inter-sectoral knowledge spillovers. The assignment of patents to industries covered by EUKLEMS is based on a concordance developed by Schmoch et al. [54] , who use expert assessments and microdata evidence on the patent activity of firms in the manufacturing industry to link technologies to industries. The technological classes contained in the patent application are linked to technological fields and then aggregated to industries based on the NACE ode. 13 c
We construct domestic and foreign knowledge stocks to model potential pools for spillovers. The domest c knowledge stock of country i originating from industry j at time t is denoted by D ijt S . It is indexed such that 1995=100 and calculated using the perpetual inventory method, which depreciates knowledge at a constant rate. 14 Compared to the evolution of TFP, the increase in 12 PATSTAT 1/2008, maintained by the European Patent Office (EPO). 13 T t Clas he entire concordance of International Paten sification (IPC) classes and NACE industries is given in Appendix A.1. A patent counts for each sector covered by its IPC classes. 14 We assume a depreciation rate of 15% and an initial growth rate of 20% which is common in the literature.
The same holds for machinery; overall the domestic knowledge stocks rise on average by 50% between 1995 (our base year) and 2004, which is slightly less than in the chemical industry. Finland experiences a drastic knowledge increase in its electrical and optical equipment sector; the stock quadrupled in the second half of our estimation period. Finland is followed by Germany which doubles its domestic industry-specific stock. Transport equipment shows Germany and Japan in the lead while the other ountries reveal a relatively lower but steady growth. c
Knowledge potentially spilling over from other sectors in the economy is summarized
which is simply the sum of the domestic stocks in country i, except for industry j.
International knowledge stocks are constructed as the weighted sum over foreign knowledge stocks where bilateral technological distance serves as the weighting scheme. In the case of international intra-sectoral spillovers, i.e. within one industry, the corresponding variable is given by To further control for the impact of the weighting scheme, we derive unweighted spillover variables as follows. Let the unweighted international spillover pool be denoted by F ijt S being the sum of foreign knowledge (available to country i) produced in industry j, and therefore representing international intra-sectoral spillovers. In the same manner, the inter-sectoral (oth r than sector j) foreign stock available to country i can be derived and is denoted by tting, we use the model described in Section 2:
Estimation Model
To estimate the effect of different channels of knowledge spillovers on productivity in a multi-country, multi-industry se
ith . 
Cointegration Preliminaries
The first step is to pre-test all variables to find whether they contain a unit root. Several procedures for testing the presence of unit roots in case of panel data have been suggested in the literature. 16 All approaches try to combine the time-series with the cross-sectional dimension of the data to improve inference on unit roots and cointegration. Given this background, a persisting problem is the asymptotic behavior of he test statistics as N and T both tend to infinity. t 19 A weakness of this type of test is its dependence on a common factor restriction: long-run cointegrating vectors (with variables in levels) are supposed to equal the short-run adjustment parameters (for variables in differences). As a consequence, a number of studies, e.g. [25] , fail to reject the null hypothesis of nocointegration even in cases where it is predicted by economic theory. The explanation is that these tests lose significant power when the common factor assumption is violated [34] . For these reasons, Westerlund [61] suggests four additional cointegration tests that explicitly relax this assumption by focusing on short-run dynamics. 20 Starting from 18 hich relax the assumption of An alternative would be to use "second generation" panel unit root tests w cr lund [60] .
oss-sectional dependence, e.g. Chang [9] or Pesaran [50] . 19 Notable contributions to the literature are Kao [29] and Wester 20 The test is implemented using a STATA code provided by [49] .
term is used o test the null hypothesis of no rat an error-correction representation of the data generating process, the coefficient of the error-correction t -cointeg io : one assumes that i 0 α = α < for all i, or i 0 α < for at least one i. The first type of test is termed panel tests and the second group-mean tests. We choose one test out of each group to test for the existence of a cointegrating relationship between productivity and knowledge spillovers. As Westerlund [61] shows by means of Monte Carlo simulations, these tests outperform both their counterparts and Pedroni-style tests in terms of ower even in the presence of cross-sectional dependence. p Table 5 displays the tests where the null of no-cointegration is firmly rejected by the panel-type test at the 1% significance level. The group-mean test also mostly rejects the null, especially when controlling for a deterministic trend in the cointegrating relationship. Evidence for cointegration is strongest for the specification including domestic intra-and inter-sectoral spillover sources and international intra-sectoral knowledge, weighted by technological proximity, which is the preferred specification in our estimations. Taken together, we find evidence for the existence of a long-run elationship between productivity and international knowledge spillovers. r Table 5 Panel Notes: Error-correction-based cointegration test developed by Westerlund [61] . The null hypothesis is absence of cointegration. Significance levels of 10%, 5%, and 1% for the one-tailed test are indicated by *, ** and ***. Lags are specified such that the Akaike nformation criterion is minimized. i
Estimation Results
Having shown that the regressions will not be spurious, we now turn to the estimations.
The two econometric methods applied to estimate the effect of knowledge spillovers are ordinary least squares (OLS) and dynamic ordinary least squares (DOLS). In case of cointegration, the standard OLS estimator is "super consistent", i.e. estimated coefficients converge faster to the true value. Table 6 presents panel estimations with stepwise expanding specifications derived by means of OLS. Starting with the impact of domestic spillovers, we find a significant influence of both intra-and inter-industry spillovers (Model 1). Model 2 shows the alternative where we begin by focusing on the sectoral perspective and therefore only include national and international industryspecific knowledge stocks. Again a clear impact is observed for both spillover channels.
Evidently, concentrating exclusively on either the sectoral or the national perspective is misleading, since both specifications seem to suffer from omitted variable bias. As a consequence, Model 3 encompasses both perspectives. Here we find that existing domestic knowledge is no longer significant when allowing for international spillovers ithin the industry. The coefficients of domestic and international sectoral channels w 1 9 p remain robust and comparable in size relative to Model 2.
So far, we have used foreign knowledge stocks adjusted for technological bilateral distance since the emphasis of our analysis is on direct knowledge and not on rent s illovers. Wanting to know the sensitivity of the results to a change in the weighting pattern, we reestimate Model 3 with the unweighted sector-specific knowledge stocks F j S . The only difference occurring is the slight decrease in coefficient size of the respective variable, while domestic knowledge remains fairly stable. So far, knowledge from other countries within the same sector has a substantially larger impact on TFP than technological development in the national arena. To check whether international spillovers from other sectors also affect productivity, we include them together with national and international intra-sectoral knowledge (Model 5) and then in the full model specification (Model 6) as derived in Section 2. Again, domestic industry-specific spillovers are robust to these changes. International flows originating outside the industry turn out to be insignificant. The picture is slightly different for international intra-sectoral spillover sources: the corresponding coefficient only remains significant at the 10% level even though it increases substantially in magnitude. Its nonsignificance could be caused by the problem of collinearity. As Griliches [20] notes, estimations on international spillovers are often hampered by this type of obstacle, because the different series are usually closely related. This problem is frequently discussed in the empirical literature when assessing spillover channels on both the country-wide-and sector-levels (e.g. [41] ). In our dataset, the correlation coefficient is highest -almost 0.9 -for the two foreign knowledge stocks whether or not we use the weighted or the unweighted type. Nevertheless, Lee [37] argues that since no clear riterion for determining the presence of collinearity exists, even correlations above 0.8 o not cause serious problems in this context. t estimates. ctively. 2. Robust standard errors are given in parentheses below the coefficien . ***, **, and * denote significance at the 1%, 5%, and 10% level, respe . All estimated models include unreported country-level fixed effects.
4
Even though OLS estimates are "super consistent" in the presence of cointegration, a shortcoming is their non-normal distribution due to the finite sample bias which arises in the cases of endogeneity of regressors or serial correlation in the error terms.
Therefore, the usual t-statistics could be misleading. Chen et al.
[10] compare the finite sample properties of OLS with its bias-corrected counterpart and fail to reveal substantial improvements. More promising alternatives are the fully modified OLS (FMOLS) (e.g [48] , [51] ) and the DOLS estimator (e.g. [53] , [55] Estimating the full model again confirms the importance of local knowledge with an elasticity of TFP of 0.07. As in all specifications including international spillovers, we never find evidence for a linkage between TFP and domestic inter-sectoral spillovers.
The inclusion of both international spillover stocks leads to insignificant coefficients, but as already discussed, the issue of collinearity might influence the results for this ertain specification. Therefore, Model 3 becomes our preferred specification. c Table 7 E stimation results DOLS t estimates. 2. Robust standard errors are given in parentheses below the coefficien 3. ***, **, and * denote significance at the 1%, 5%, and 10% level, respectively. 4. All estimated models include unreported country-level fixed effects.
. For the DOLS estimation, two lags and one lead of first differenced independent 5 variables are included. We address the sector specificity of knowledge by distinguishing between inter-and intra-sectoral channels. Thereby, we are able to show that foreign knowledge is conducive to TFP growth, but only within industries and it may explain why the country-level evidence is mixed. Previous studies on R&D spillovers at the industry level also corroborate our finding that foreign knowledge spurs productivity (e.g. [41] , [18] ). Numerically, even though we adopt a different measurement approach by relying on patent data together with technological proximity to focus on pure knowledge spillovers, our elasticities of TFP concerning intra-sectoral spillovers take a similar direction: Frantzen [18] reports a value of 0.095 for domestic and 0.079 for international R&D stocks. Even though our results are of course not directly comparable, the domestic effect is surprisingly close, but our influence of knowledge originating from other countries is substantially higher. With Braconier and Sjöholm
[6], we share the result of non-significance of knowledge within the country being generated in other sectors.
Conclusion
The theoretical and empirical literature suggests that knowledge transcending national boundaries contributes positively to productivity growth in other regions. Until recently, however, few studies focused on differences in technology transfer across sectors. The purpose of this paper was to assess the importance of different channels of spillovers at the industry level by distinguishing between domestic and international intra-and inter-sectoral technological externalities, clearly focusing on pure knowledge spillovers. Using patent data as a measure of innovative output to capture generated knowledge, we estimate the contribution of existing knowledge to industrial productivity. To account for technological distance between countries, we weight oreign knowledge by bilateral technological proximity. f
The analysis is based on 14 OECD countries and 13 industries between 1985 and 2004.
By adopting estimation methods reflecting recent developments in the treatment of non-stationary panel data econometrics, we find that industry-specific knowledge, both nationally and internationally, mainly drives productivity in the respective sector. By contrast, knowledge flows from other sectors of the economy prove to be ineffective channels for knowledge transmission. Cross-border flows from other countries and ectors also turn out to have no productivity-enhancing effect. s
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